This paper describes a method for localizing objects in an actual living environment. We have developed this method by using a complementary combination of 1) received signal strength indicators (RSSIs) and vibration data acquired from active RFID tags, and 2) human behavior detected from various types of sensors embedded in the environment. Regarding the former, we use a pattern recognition method to select a feature appeared in SSIs received by several radio frequency (RF) readers at different places and to classify them into a particular location. In our work, we regard the estimated location as the most probable location where the object is placed. As for the latter, we use the detected human behavior to support the estimation based on the analysis of RSSIs. Experiment results showed that the proposed method improved the estimation performance from about 50 to 95% compared with using only RSSIs to localize objects. Moreover, the results also suggested that we can estimate object location indoors without sensors for detecting human position. This indoor object localization method can contribute for constructing an indoor object management system that improves living comfort.
INTRODUCTION
Indoor object localization system has become more and more important in various fields these days. For example, people not only feel stress but also waste precious time when they cannot find what they want in the expected place. If we can provide people with information about the object location, people will save lots of time and lead a comfortable daily life.
Furthermore, if we can detect object movement and estimate object location online, we will be able to know life patterns of people by analyzing the behavior of objects in everyday life. Efficient online object localization system should be able to identify the object a user wants and to determine its location. In our work, we focus on not 3-dimensional "position" of the object, but its "location" in living environment, because we think the only object location is sufficient to achieve our application. Various technologies have been used to construct such systems up-to-date, but most of them have difficulty in recognition of the objects. Against this problem, many studies have focused on using radio frequency identification (RFID) due to its strong identification ability [1] [2] . Because RFID tag has a property to communicate with RF reader by RF signals, it is superior to other technologies for identifying objects. RFID can be divided into two types, one is called passive RFID, and the other is called active RFID. Passive RFID is widely used in many fields nowadays. Suica, a rechargeable contactless smart card used as a fare card on train lines in Japan, is the best example of passive RFID. When people hold Suica up over the prescribed place, RF reader embedded at the place will energize and activate the passive RFID tag by electromagnetic waves. Then the reader receives traffic information of users from the activated RFID tag. The main characteristic of passive one is that it uses reader's energy to transmit its information. For this reason, the transmission range of passive RFID is short, 1 meter at best. In contrast, because active RFID has a battery inside, it can use its own energy to communicate with RF reader. This characteristic enables active RFID to have longer transmission range than passive one. Active RFID has another significant characteristic that deserves our attention. Signal strength indicator (SSI) received by RF reader depends on the distance between a tag and reader. This dependency can be used as a clue about object location [3] [4] .
We choose active RFID rather than passive RFID as our key technology for the following reasons. The first one is for the long transmission range. Because our purpose is to develop an indoor object localization method, long transmission range is more convenient than short one. Another reason is for the number of RF readers required in object Session 3: Human Analysis
Paper No. Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. IUCS '09, December 3-4, 2009 location estimation. As the transmission range of active RFID is much longer than that of passive RFID, the necessary number of active RFID readers is much less than that of passive ones. This advantage of active RFID plays a great role in reducing the total introduction cost of the system. The other reason is for the potential of active RFID tag. One remarkable characteristic of active RFID tag compared with passive one is that active RFID tag can attach sensors inside. In fact, every active RFID tag, which we used in our work, contains a vibration sensor to detect object motion. It is certain that users have to exchange battery of active RFID tags regularly in about one year or so. However, the battery itself is inexpensive and the benefits provided by the system are much greater than the exertion spared for the exchange.
A great number of researchers have focused on developing indoor localization methods based on active RFID up-todate. For example, Hightower [3] applied triangulation algorithm to the SSIs received by several RF readers to estimate the 3-dimensional position of tag indoors. This estimation method works well under the condition that few obstacles exist in the environment, however it fails to localize objects once too often in the environment where various obstacles exist like actual human living space. The main reason for the failures is that received SSI, which we call RSSI, is quite sensitive to environmental factors such as the presence and the location of people and furniture because the radio waves are weak against those factors. To reduce the environmental influences on RSSI, some researches introduced the concept of reference tags as an indicator of object position [4] [5] . It is certain that reference tags are useful for reducing the influences on RSSI to a certain extent, still it cannot be evaluated as the perfect solution to indoor object localization. In those researches, the authors also conducted some experiments in the environment where obstacles exist to show the robustness of their methods. However, the complexity of their experimental environment is far from that of our target environment. Human living space is full of various obstacles not only static ones such as furniture, but also dynamic ones such as human beings. To estimate object location robustly in such an environment, we have to confront with more difficult problems than those researches.
To improve the robustness of object location estimation, our previous work [2] focused on the idea that any kinds of motion of objects must be caused by human. Therefore in the previous work, we introduced floor sensors to detect human position in the environment. Floor sensors are pretty effective for the detection of human position, however they also have some serious problems. One is that accurate human position detection requires quite a lot of floor sensors embedded in the environment. Actually, we installed 356 pressure sensors to cover the whole environment. Because the unit price of a floor sensor is not cheap, the total cost for installing all the floor sensors is highly expensive. Besides, because floor sensors are supposed to be buried under the floor, they need not only heavy labor but also long time to install. It must be troublesome to repair those floor sensors when some of them go out of order.
To reduce the cost and maintenance burden caused by floor sensors, we have combined active RFID technology with some simple sensors such as table sensor, sofa sensor, and Figure 1 : Dependency of RSSI on Distance switch sensors. The main advantage of these sensors against floor sensors is that they are inexpensive and easy to install into home. In addition, as these kinds of sensors usually have other uses such as monitoring human daily life to predict human behavior, it is quite natural to have these sensors embedded in human living space. Substitution of simple sensors for floor sensors makes it difficult to detect human position accurately in the environment, which will cause in a drop in estimation accuracy of object location. To solve this problem, we use an integrated algorithm in compensation for the lack of human position information. By taking this approach, we have proposed a method for indoor object location estimation based on active RFID and simple environment-embedded sensors, which achieves sufficient accuracy even without using any costly sensors designed for detecting human position.
LOCATION ESTIMATION METHODS
In this section, we describe three kinds of methods for object location estimation. The first one is a method based on SSI received by RF reader. The second one is a method based on object motion and human behavior detected by vibration sensors attached inside active RFID tag and simple sensors embedded in environment. And the last one is our proposed method which is the combination of these two methods.
Location Estimation Based on RSSI
As we mentioned above, one of the most important characteristics of active RFID is that RSSI, which stands for Received Signal Strength Indicator, has a dependency on the distance between tag and reader. Against our expectation however, as shown in Fig.1 , RSSI does not have linear relativity with the distance between tag and reader, as well as show in a one-to-one ratio with the interval due to environmental factors such as human and furniture. That is to say, although the relativity between RSSI and the distance can be used as a clue to determine object location, it is difficult to use the dependency without processing.
The first approach that we tried to improve the accuracy of object location estimation is to use pattern recognition method. Although the SSI received by RF reader is sensitive to some environmental noises, it still has dependency on the distance to a certain extent. According to some pilot experiments, we found that the RSSI from a fixed location indicated almost the same value regardless of time. Therefore, the first idea is that we may reduce the environmental influences on RSSI not by using just one RSSI, but by using the pattern extracted from several RSSIs. In order to realize this idea, we placed several RF readers at different places so that each RF reader can receive the SSI from the target tag.
In our work, we used three kinds of pattern recognition methods such as k-nearest neighbor (KNN), distance-weighted k-nearest neighbor (DKNN) [6] , and three-layered neural network (NN) algorithms. Let's take an example of KNN algorithm to explain the recognition process in Fig.2 The first step when the target object is placed at unknown place, is to collect SSIs transmitted from the tag attached with target object and received by several RF readers. In the Fig.2 , we supposed five RF readers in the environment. We can regard this five SSIs, which we call data set, as one pattern of SSI. Next step is to compare the pattern with training data set stored in learning database. In learning database, we have sufficient data sets, which store both SSI pattern and object location, which is called class, as one set. What we explained so far is common process about pattern recognition. The unique process to KNN is called voting process which we will mention below. In KNN algorithm, we used euclid distance as an indicator represents the similarity between one data set pattern and another. In other words, the smaller the euclid distance is, the more similar the data sets are. We calculated the euclid distance between the new data set and every data set stored in learning database and sorted the training data set in increasing order. Then we choose 'k' data sets from the top of the sorted learning database. What we call voting process is to determine object location by counting the number of locations contained in the selected data sets and choosing the most one as estimated result.
Location Estimation Based on Object Motion and Human Behavior
The second approach that we tried to improve the performance of location estimation is to combine human behavior detected by various sensors embedded in the environment and object motion detected by vibration sensor attached within active RFID tag. In our work, we use Sensing Room [7] , a model room of human living space like a lodging, where four kinds of sensors are embedded in the environment such as table sensor, sofa sensor, switch sensors, and floor sensors. Although we conducted all the experiments in the sensing room, our object location estimation method does not rely on either the experimental environment or the kinds of sensors. That is to say, our method can work well in any houses as long as the sensors embedded in the house can detect the same kinds of human behaviors. For the sake of convenience, we talk about the case with the sensing room as our experimental environment from the following. A table sensor and a sofa sensor are composed of several pressure sensors, which can detect the weight upon them. We set thresholds to the total weight of each sensor only to know if objects are put on the table and if human sits on the sofa. Switch sensors are installed at the places such as a drawer of cabinet to detect the drawer's state of open or close. As for floor sensors, it can detect accurate human position in the environment, which is pretty effective information in estimating object location. However, according to the previous work [2] , one of the future work for the system to be taken into practice is to reduce the cost and maintenance burden with floor sensors. The only reason we use floor sensors in our work is to use them as a comparison to demonstrate the validity of our proposed method.
Generally, active RFID tags are produced under the following policies, 1) saving the battery, 2) miniaturizing the size, and 3) cutting down the cost. To follow these policies, the frequency of data transmission and the performance of vibration sensor inside are set up to be low. These restrictions cause some significant problems. For example, the system cannot detect the moment that object motion state changes in real-time because vibration sensor data requires a moment, which is the sampling rate, to convey its reaction to the system. In addition, vibration sensor often fails to detect object motion in the case that the movement is faint. However, object motion detected with vibration sensor is considered as the most important information in our system because the system uses vibration information to determine the timing to estimate object location. To deal with the time delay between actual object movement and vibration detection, we stagger a few seconds in our algorithm to estimate the exact moment that an object starts to move.
The concrete location estimation algorithm based on environmentembedded sensors and vibration sensor is constructed as the following. Our system can estimate the following three cases individually online by combining detected reaction of each sensor. a) Object is put on and taken away from a table. b) Object is put on and taken away from a sofa. c) Object is put into and taken out of a drawer. That is to say, as long as the movement of object is concerned about the area where we installed embedded sensors, we can estimate its behavior. To be concrete, our system can detect not only the final location where object is placed, but also the state of object in starting to move and quitting movement. The system estimates the two kinds of object state as following.
Estimation of Movement Start
In this section, we describe an algorithm to detect the start of object movement and to estimate the original location from which object begins to move. On the occasion of estimation, we assume that target object is in a still state before the system receives any change of sensor state. According to the embedded sensors, if an object starts to move from the place where we installed embedded sensors, the system can detect the exact situation by using the reaction of related sensors. Even if the object begins to move from the place with no sensors installed such as a bed or a desk, the system can also recognize the circumstances by checking the reactions of the sensors.
Check the state of vibration sensor
If a vibration sensor also reacts soon after the embedded sensor reaction, the system estimates that object movement should have something to do with the sensor-embedded place. In other words, the object is very likely to be moved from that place.
3. Recheck the state of environment-embedded sensors After the vibration sensor reaction, if the system receives the reaction of the same embedded sensor, it indicates that the object must be moved from the place.
We have mentioned the general rules used in the estimation algorithm. To make it clearer, we will take an example to demonstrate the estimation rules in Fig.3 . Let's see the case that an object is moved from the table. Firstly, the system can detect the state that something is on the table by checking the reaction existence of the table sensor. Secondary, when the object moves, the vibration sensor reaction will inform us of the timing of motion start. If the object does move from the table, the change of table sensor data will indicate the strong relativity of the object and the table. Thus, the system can estimate the object has been moved from the table in good possibility.
Whereas, the process of object location estimation based on sensors is described as following.
Estimation of Movement End
In this process, we describe an algorithm to detect the end of object movement and to estimate the final location where object is placed. The system estimates the object location on the assumption that target object has been moving until the vibration sensor reaction disappears.
Receive the change of state of environmentembedded sensors Figure 4: Sample of Movement End Estimation
If the system receives the reaction of environmentembedded sensor on the condition that the object is in the moving state, it will suggest that the object is close to the place where the sensor is embedded because of the presupposition that only one user is in the environment.
Check the change of state in vibration sensor
The phenomenon that vibration sensor's reaction vanishes under the condition of the embedded sensor being active indicates the high relativity between the object and the place where the sensor is embedded.
Recheck the state of environment-embedded sensors
The second time reaction after the vibration sensor becomes inactive allows us to determine that the object is placed on the place.
To make the general rules easier to understand, we will take an example to explain it in Fig.4 . Let's inspect the case that an object is placed into a drawer of a cabinet. Firstly, the system will receive a reaction of the switch sensor. It means that the user opens the drawer with the target object in his or her hand because the system keeps receiving the vibration sensor reaction. Soon after that, if the reaction of the vibration sensor disappears, the object is very likely to be put into the drawer. However, we cannot jump to a conclusion because the location where the object placed might have nothing to do with the drawer where the switch sensor is attached. Nonetheless, if we receive reaction of the same switch sensor again before long the vibration sensor reaction vanished, the possibility of the object being placed into the drawer becomes higher.
In this way, we estimate the motion and the location of the object by combining the information from vibration sensor and environment-embedded sensors. The concept of the algorithm is easy to follow, but we have to overcome some difficulties to make the estimation algorithm work well. One of the difficulties is to deal with the time delay caused by limited sampling rate, which we used to collect sensor data. For example, an object must have moved before the reaction of the vibration sensor and must have been placed before the reaction disappeared from the system. We estimate the length of time delay from actual experiments and conquer the difficulty by taking the time lag into consideration in estimating object motion.
Another difficulty about the vibration sensor is that sometimes it does not work well. For example, if object is moved roughly, vibration sensor will keep reacting throughout the movement, however, if object is moved silently, the vibration reaction will sometimes disappear. This means that the system should not expect continuous vibration reaction during the object movement. Therefore, we defined a time interval to estimate the state of object movement more accurately. If the period from the last reaction of vibration sensor is within that interval, the system still regards the object as moving. Because the length of that time interval depends on the way a user moves object, we decide the parameter from actual experiments.
Although the solution mentioned above works well in estimating object motion, it also has a problem in other aspect.
That solution makes it difficult to decide the timing when an object is moved or when an object is placed in real-time because the system has to wait for the time interval to make the decision. It matters when we combine the reaction of a vibration sensor with those of environment-embedded sensors to estimate where the object is placed. According to the estimation algorithm mentioned above, the real-time detection of the object being placed is essential in determining the final location of the object. However, the information that object is placed will be clarified for the first time a few seconds later after the actual point in time. Toward this problem, the system saves a series of sensor reactions into a temporary buffer and applies the proposed estimation rules to those data after the state of object motion fixes. The weakness of this solution is that the system cannot estimate object location in real-time. However, we can know the correct time about the object being placed from the object movement history into which the system stores the object estimation results every sampling rate. In case that the system cannot estimate object location in real-time, it saves the estimated result until the state of object is settled.
Proposed Method
So far we explained two estimation algorithms, one is based on pattern recognition, the other is based on sensing technology. Each approach has its own strength and weakness. In our work, as we have mentioned, we integrated these two approaches into one estimation method as shown in Fig.5 . First, the algorithm processes the data from the vibration sensor and embedded sensors to decide whether the target object is in the sensor-embedded area or not(Case 1 in Fig.5 ). If the object is in the area, the system uses the data from the vibration sensor and embedded sensors (except for the floor sensor) for the estimation. If the object is not in the area, the algorithm estimates the candidates for object location by using the human position and object motion detected with floor and vibration sensors. In this case, the system determines the most probable object location by integrating the locations estimated on the basis of the RSSI data with those estimated on the basis of the human position data.
System Overview
The process in our developed system is illustrated in Fig.6 . The sensor data processing module collects data from active RFID tag and environment-embedded sensors. Here, we convert the raw sensor data such as vibration sensor and The location estimation module uses these data to estimate where the target object is placed. Although the RSSI originally has a dependency on the distance between the tag and reader, it cannot be a factor to determine the difference because of its sensitiveness to environment. However, the RSSI has a constant relativity with particular locations, we can use a pattern recognition method to classify the SSIs received by several RF readers into each location.
EXPERIMENTS
In this section, we describe the design of our experiments to evaluate the proposed system effectively and the conditions which we used throughout the experiments.
Experimental design
To evaluate our estimation algorithm from different aspects, we made various experiments based on different conditions. First, we conducted the same experiments as many times as the number of pattern recognition methods we used. In our work, we tried three kinds of pattern recognition meth- , and three-layered neural network (NN) to evaluate the effect of each method on the performance of estimation. Generally speaking, the performance of classification highly depends on the parameters used in pattern recognition algorithm. For example, the performance of KNN or DKNN is dependent on parameters such as the value of k, whereas the performance of neural network depends on parameters such as the number of nodes in hidden layer. In our experiments, we tried various cases by varying the parameters from one to another and chose the best combination of parameters according to the estimation performance.
Besides, we divided experiment conditions into three types, 1) Estimation only based on RSSI data, 2) Estimation based on RSSI data and sensor data that contains floor sensor data, and 3) Estimation based on RSSI data and sensor data except for floor sensor data. This division enables us to evaluate not only the efficiency of estimation based on RSSI, but the effectiveness of our proposed integration of estimation algorithm.
Experimental Conditions
As our work aims to estimate object location in actual living space, we used Sensing Room [7] , a model of human living space with various sensors embedded, as our experiment environment. In the sensing room, we had installed table sensor, sofa sensor, switch sensors, and floor sensors to estimate human behavior. Besides that, we determined several experiment conditions listed in Fig.7 . We used four kinds of daily objects such as a nail clipper, a mug, a coffee mill, and a stuffed animal and each one has an active RFID tag attached to get RSSI and vibration sensor data. We also assumed 13 locations where objects would be placed and 5 readers installed at different places. For pattern recognition, we constructed a learning database with about 18,000 data sets stored in it. In more detail, we saved the same amount of RSSI data sets from every location of the labeled 13 locations as training data.
In the experiment, we had a participant lead a typical day in his life and use the four objects with active RFID tags attached shown in Fig.8 . The system estimated the locations of these objects once every second; the total number of estimations was 2520 frames. We defined the ratio of the number of correct estimations to the total number of estimations as the performance metric 1. Correct frames indicates that the frame which both identification and localization of objects is correct.
Accuracy[%]
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Results
We classified the estimation results by the pattern recognition method used for the localization and by the types of information used for the estimation, as shown in Table. 1. There was little difference in the results among the pattern recognition method used: KNN, DKNN, and three-layered NN algorithm. There was a substantial difference in the results among the pattern recognition methods used for the estimation. Localization accuracy with only RSSI of the active RFID was 50% at best, whereas when we combined these two approaches followed our proposed estimation algorithm, the accuracy reached 97.0% regardless of the pattern recognition method. With the three-layered NN algorithm, it reached 98.6% at best. Although we used floor sensors for the estimation in the best case, the system still recorded 95.3% even without floor sensors as shown in the table.
Discussion
The results shown in Table. 1 suggest two things in particular. One is that the pattern recognition method used has little effect on the location estimation accuracy. Although we used three kinds of methods such as k-nearest neighbor (KNN), distance-weighted k-nearest neighbor (DKNN), and three-layered neural network (NN), none of them achieved sufficient accuracy in object localization. The main cause of estimation mistakes we suppose is that the object location is far from all the RF readers. As the radio wave is sensitive to environmental noises, the further the distance between tag and reader is, the more unreliable RSSI becomes.
The other thing which we noticed from the results is that the lack of estimation accuracy caused by not using floor sensor data can be approximately compensated for by using the proposed algorithms and other simple sensors instead of floor sensors. Although floor sensors can detect human position accurately, they are costly and require complicated maintenance. To reduce the cost and maintenance burden, we estimated object location by using only the RSSI data and data from other simple sensors (table, sofa, and switch sensors). The results indicate that data from a combination of these sensors can achieve accuracy almost equal to that of using floor sensors.
CONCLUSION
In conclusion, we have developed an indoor object localizing method by using active RFID tags and simple sensors embedded in the environment. Our system uses 1) a pattern recognition method to classify the RSSIs collected by several RF readers into particular location and 2) the information detected by vibration sensor and environmentembedded sensors to improve the robustness of the method. Although floor sensors used in our previous work can detect accurate human position in the environment, we attempted to eliminate them because of their disadvantages by combining simple sensors such as table sensor, sofa sensor, and switch sensors. The results show that our method can be used to estimate the location of daily objects with sufficient accuracy without the use of floor sensor.
One of future work is to reduce the number of RF readers. In our work, we use five active RFID readers placed at different locations so as to cover the whole environment. However, because the unit cost of RF readers is quite expensive, we have to reduce the number of RF readers to ease the economical burden on introducing our system without lowering the performance of object location estimation.
